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Introduction
If trade generates a surplus, the price determines how the surplus is split. In thin markets without a common price benchmark, trading partners must agree on a mutually acceptable price. We run a natural field experiment to quantify the subjects' intentions to share the surplus from market trade. Acting as sellers of a good with a known value we collect price offers from randomly arriving buyers. We estimate the trade surplus from the data and map the received price offers into proposed shares of surplus. Our paper, hence, gives a unique account of sharing norms among anonymous traders in the field and contributes to the existing experimental studies on surplus division in a market setting.
The object we offer for sale is an Amazon gift card. Amazon gift cards are digital codes that any Amazon customer can use to add money to his Amazon account. Since the card's amount can be split, stored, and combined with other payment methods, Amazon gift cards are essentially cash to Amazon buyers and hence they provide an unprecedented opportunity to control the subjects' valuations in a natural field setting. On the seller side, we observe that the cards are typically received as presents, as well as rewards for participation in Internet surveys or lottery prizes that firms use to attract customers. If a card owner does not use Amazon and prefers cash to a credit on his Amazon account, then gains from trade can be generated by selling the card to an active Amazon customer. The existence of gains from trade of Amazon gift cards gave rise to a substantial secondary market on eBay, and in particular its German site (www.ebay.de), where we conduct the experiment.
In the experiment, we offer Amazon gift cards whose face value ranges between 5 and 500 Euros, with seven value treatments in total. As the trading protocol, we employ eBay's Buy it now or best offer format (BINBO). According to the rules of BINBO, the seller posts an initial ask price and invites any eBay buyer to acquire the object at that price or make their own price offer. The card is sold if some buyer accepts the posted price or if a buyer makes an alternative price offer that the seller accepts.
The BINBO format features two types of information frictions. First, at the moment of making his offer, the buyer observes only the number of offers made to the seller, but not the offered prices. This information is available only to the seller. Second, due to the market's dynamic structure, neither trading party observes the effective number of competing buyers bound to arrive by the end of the listing. In that sense, the environment is uncertain, and the buyers are unaware of the seller's true outside option. 1 Such uncertainty, while absent in any of the related lab experiments, is rather common to many real-world markets, be it an electronic trading platform or a Middle East bazaar.
Beyond being a realistic feature of many markets, the uncertainty of the buyer about the seller's outside option has an important implication for buyers' behaviour and the analysis in general. Namely, from the perspective of each individual buyer, there is a non-trivial surplus to be shared. This differs from the setting of the typical lab experiment on surplus sharing, where there is a fixed and commonly known degree of competition, with at least two buyers. To see this, note that the surplus generated in a trade between a given buyer and the seller is equal to the difference between the seller's outside option and the nominal value of the card. In a setting where the number of competitors is greater than one, certain and commonly known, the equilibrium surplus from trade between any individual buyer and the seller is zero. 2 In contrast, in a bilateral setting with only one buyer, the seller's outside option is his own usage value and so the trade surplus may be substantial. When the number of buyers is uncertain, the total surplus perceived by a given buyer depends on his beliefs about the seller's nextbest option. If the seller's own valuation is zero, his next-best option is to 1 Note that the buyer's outside option is irrelevant for the value of transaction with a given seller, as long as the buyer's preference for money is insatiable. Whether the buyer can purchase a gift card elsewhere, does not affect his valuation of the opportunity to get another card with a discount, i.e. to get money for free. See Section 5.1. 2 With the commonly known degree of competition, the unique dominance solvable outcome is for both buyers to offer the entire nominal value to the seller. Hence from the perspective of buyer i, the surplus of his trade with the seller equals to zero, as the seller's outside option is equal to the nominal value of the card -the price that another buyer would offer.
3 trade with another buyer, who may or may not arrive. Hence, from the perspective of the buyer arriving first, his best strategy is to offer a price that is lower than the card's nominal value. Therefore, any subsequent buyer, when he offers his own price, would anticipate that the seller's outside option is not equal to the cash equivalent of the entire nominal value of the card. Put differently, here, similarly to a first-price sealed-bid auction, each buyer, when he makes an offer to the seller, weights off increasing the probability of being the winner against reducing the total price paid. This also implies that uncertainty makes the surplus that a given buyer and the seller avail themselves of to be non-degenerate.
As preliminary groundwork for the analysis of surplus division, we study whether the experimental data display any regularities by linking price offers to other subjects' observables. First, we find that the observed distributions of relative offers 3 do not vary with the amount of money at stake. The finding that stake size does not affect the relative offers permits us to pool the data across the different value treatments and to work subsequently only with the single dataset. Second, we find that the observed buyer behaviour is insensitive to the public information about the degree of competition or the public history of seller's responses to price offers. Third, we analyse the data on buyers' ZIP-codes to group observations by geographic regions, namely, East and West Germany. We notice that, while both groups of offers display clustering at exactly 50% of the card's value, the "naïve equal split" is more prevalent among the subjects coming from East rather than West Germany. 4 Furthermore, West German subjects are more likely to make competitive offers, that is, to comply with the theoretical prediction of a model with multiple buyers.
The vast heterogeneity of offers observed in the experiment suggests that the subjects' behaviour cannot be accounted for by a model with homogeneous beliefs, in particular equilibrium beliefs. Therefore, we have to consider a model of competition uncertainty where the buyers hold heterogeneous beliefs about the seller's outside option c. In this model, a buyer's subjective estimate of the seller's outside option summarizes the buyer's beliefs about the number of effective competitors and their offers. Given his estimate of c, the buyer places an offer at or above the estimate. The amount offered in excess of the buyer's estimate is the share in trade surplus offered to the seller, which we denote s. The price offer is then the sum of two elements, c and the share s in the trade surplus 1 − c. The identification of c and s is equivalent to decomposing each price offer into its two parts.
It is clearly not feasible to decompose the relative offers at the level of individual observations, since each observed offer is a function of two unknowns and so there are infinitely many possible solutions. However, it turns out that we can implement an aggregate decomposition of the observed distribution of relative offers into distributions of shares s and cost estimates c. The aggregate decomposition is a novel statistical tool we bring to the analysis of field data.
Decomposing the observed distribution of relative offers in two underlying unobserved distributions is equivalent to solving an integral equation with two unknown functions. Since the problem is infinite-dimensional, the technical challenge is to reduce the dimensionality to obtain a computationally feasible program. To do so, we restrict the possible distributions to a family of finite polynomials. Starting with the uniform distribution as a candidate solution for both functions we subsequently raise the polynomial degree until the optimal solution within the respective class passes a pre-specified goodness-of-fit test; we use the bootstrapped KolmogorovSmirnov test statistic.
The results of this decomposition suggest that nearly nine out of twenty subjects offer between 40 and 50 percent of the total trading surplus to the counter-party. This finding confirms the focal preference for an egalitarian division in the subject population, in line with the theories of Boehm et al. (1993) and Henrich et al. (2006) . More than one out of four subjects act consistently with the maximization of individual monetary payoffs, offering no more than 10 percent of the trade surplus to the seller. The average share of-fered by our eBay users is 29 percent, which is within the range of estimates obtained in the lab experiments on the ultimatum game (see the meta-study by Oosterbeek et al. (2004) ).
To summarize, there are two main conclusions from our analysis. First, similarly to a large body of evidence from the lab, 5 the observed data cannot generated by a model where all players are selfish and there is common knowledge of this fact. Second, the uncertainty about the number of players results in large variations of behaviour on eBay as compared to the setting where the player set is common knowledge. Specifically, in contrast to the findings in comparable lab experiments on the ultimatum game with public information on the number of competing proposers, we observe that offers are not driven up to the full nominal value. 6 Therefore, for any buyer-seller pair, there is a non-trivial surplus from trade to be shared. Put differently, in a competitive setting with uncertainty, the buyers ("proposers") have a scope to express their preferences and they use it.
Our paper contributes to several strands of literature. First, it is directly linked to a wealth of papers testing the behaviour in the ultimatum game in different environments. For an excellent overview of this literature, we refer the reader to the recent work by Güth and Kocher (2013) and van Damme et al. (2014) , as well as the earlier papers, such as Camerer (2003) and Bearden (2001) . A study by Tisserand (2014) provides a meta-analysis of the ultimatum game experiments over the last thirty years (an earlier meta-study is Oosterbeek et al. (2004) ).
Our results contribute to an important debate on the external validity of laboratory findings, contrasted, in particular, with field experiments. Comparing the findings to the studies of ultimatum games played in the lab, we establish that the difference between lab and field is fairly meagre when the focus is on surplus division. Concerning gift exchanges, in contrast, List (2006) finds less evidence for social preferences in the field as compared to the lab in otherwise equivalent settings.
The findings lend further support to the theoretical analysis of pro-social behaviour. The experimental evidence from the lab gave rise to several competing theories of social preferences. The first strand of this literature includes "consequentialist" theories, where agents have preferences only about consequences, that is, preferences over the distribution of final payoffs: Fehr and Schmidt (1999) and Ockenfels and Bolton (2000) . The second strand of the theoretical analysis treats agents' behaviour as motivated by reciprocity in response to actions and intentions of opponents: Rabin (1993) , Falk and Fischbacher (2006) , Dufwenberg and Kirchsteiger (2004) , Charness and Rabin (2002) , to name a few prominent examples. Given its design, our experiment cannot distinguish between two types of theories. However our decomposition results can be used to calibrate some of these models. 7 By the nature of data it studies, our paper contributes to the growing economic literature on eBay users' behaviour. Interestingly, this literature focuses predominantly on the effects of users' reputation on transaction prices (e.g., Resnick et al. (2006) , Cabral and Hortascu (2010) , Nosko and Tadelis (2015) ) or the benefits from gaming the mechanism, such as snipe bidding (e.g. Roth and Ockenfels (2002) , Ely and Hossain (2009) ). An important exception to this literature is due to Bolton and Ockenfels (2014) , who use the eBay platform to study the ultimatum game. They design a framed experiment where they hire students and match them via the eBay platform, while keeping the remaining features of the setup similar to the lab. In contrast, our paper reports on a natural field experiment; since seller's outside option cannot be controlled in this setting we use the novel statistical method to estimate the buyer's beliefs about the surplus from trade.
The next section describes the experiment, Section 2.2 presents the data and the regression analysis. The decomposition strategy and its results are presented in Section 4. Finally, Section 5 discusses various aspects of the experiment and Section 6 concludes.
Experiment

Setup
We set up a controlled environment within an existing secondary market for Amazon gift cards on the German site of eBay (www.ebay.de). Amazon gift cards are used primarily as presents. 8 A gift giver would buy a sixteendigit code at the Amazon website in order to transmit it to a gift receiver. The receiver enters the code to top up his Amazon account with the amount paid earlier by the gift giver. The credit can be used for purchasing any goods offered on the Amazon website, 9 it can be split, combined with other payment methods and stored for up to 3 years. If the gift receiver does not intend to use the code, he can offer it for sale at a secondary market such as eBay.
Reselling Amazon gift cards is rather common on eBay.de (eBay Germany). For instance, 87 gift cards were on sale at 7 p.m. on June 13, 2014, and 1962 sales in total were posted within 114 days prior to that date. Nominal values of gift cards ranged from 5 to 2500 Euro. 10 The market turnover in Q4 2015 is estimated at 70 000 Euro.
In the experiment, we employ the Buy-it-Now or Best Offer (BINBO) format. 11 According to the rules of BINBO, the seller posts an initial ask price and invites the buyers to acquire the object at that price or to make their own price offer; the duration of sale is limited and the remaining time is public information. When a buyer makes an offer, the seller has 48 hours (unless the listing expires earlier) to reply with acceptance, rejection, counter-offer or not reply at all (we discuss the role of counter-offers in Section 5). When a price offer is accepted, the card is sold. 12 A listing becomes inactive if it expires or if the card is sold to a buyer. EBay users can browse the history of inactive listings.
The subjects of our study are eBay.de users who open one of the listings we posted and make a price offer. When a buyer opens an active listing he observes the seller's posted price as well as the following information. 13 First, he can observe the total number of current offers received by the seller (0, 1, 2, etc.), and the timing and the current status of each offer (pending, rejected, counter-offer received). Second, the buyer observes the number of hours left before the listing expires, the seller's feedback record, and the other items the seller currently offers for sale. The buyers can also observe the history of previously offered items of this seller. The most immediate information about the seller's history is the list of all feedback entries (positive, negative, neutral) that are left to the seller for the items that he has sold. Importantly, only the seller can see the amount behind each offer that he has received. No buyer knows how much other buyers have offered. 14 In our experiment, we offer Amazon gift cards with the face values: 5, 10, 20, 50 100, 200, and 500 Euro, i.e., in total seven treatments. In two waves of the experiment, March to July 2014 and March 2015, we post over 200 listings. The duration of listings is fixed at the minimal period of 3 days. We use five different seller accounts with feedback records ranging from no feedback on an account opened in 2014 to 430 stars on an account opened in 2004. Each seller account lists one or two gift cards at a time, and the nominal values of the gift cards rotate between seller accounts over the entire duration of the experiment.
We draft the listings in a way that complies with the common practice of 12 Note that this last feature distinguishes BINBO from eBay's ascending auction, where if at least one bidder submitted a bid the seller is obliged to deliver the good regardless of the price. 13 The announcement and URL to a screen-cast are given in the Appendix section A.1. 14 Similarly, in Camerer (2003) and Roth et al. (1991) , the proposers do not observe their competitors' offers. gift card sales via eBay's BINBO. Relying on the history of similar posts, we use the typical wording and set the initial ask prices between 119 and 130 percent of the gift cards' nominal values (e.g., for a 100 Euro gift card we set the BIN price equal to 119 Euros). The choice to set the BIN price above the cards' face value comes across as a surprise, however, there are two reasons for this. First, as mentioned already, setting the BIN price above the face value is the common practice in the market for gift cards, and therefore serves the purpose of mimicking a typical seller. Second, this limits the number of actually executed transactions, since rational buyers should not accept the excessive BIN prices. While some subjects do accept the BIN price, we exclude those observations from the sample and concentrate only on the rational offers that do not exceed the card's nominal value. Finally, to eliminate any variation in the sellers' response to offers, we let all offers expire without a single answer from the seller (though we answered clarifying questions that some buyers were sending us).
As an illustration, we next describe one round of the experiment. We list a gift card with the nominal value of 100 Euro on June 1 at 1:08 p.m. We receive the first offer of 90 Euro from buyer "lu..er" with 6 eBay stars on June 3 10:16 a.m. and the second offer of 80 Euros from buyer "xx...30" with 60 stars at 1:23 p.m. We let both offers expire on June 4 at 1:08 PM. Thus we get two observations, with the offered amount, exact timing and order of the offer, buyer characteristics (eBay alias, reputation score and registered ZIP code), as well as the seller's information and the exact time the listing was posted. We also keep track of the announcements that did not receive any offers.
Data
Figure 1: Cumulative distribution functions of the observed (blue), and uniform (red) arrival times, normalized to one.
72 percent of the listings receive at least one offer within the three-day period. The number of offers per listing ranges from 0 to 15, with 1.6 offers made on average. One offer per listing is both the median and the most frequent number of offers, and corresponds to the situation of bilateral trade.
The subjects come from all over the country, and 15 percent of the offers originate in East Germany or, more precisely, in the former GDR states. 15 The most experienced buyer in the sample was registered on eBay 16 years prior to our experiment; the average eBay experience amounts to about 8.5 years.
The distribution of the arrival times of price offers within the duration of sale is plotted in Figure 1 along with the uniform distribution. The times are normalized to one according to the formula t offer −t listing 3×24×60 , where t is expressed in minutes. Contrary to the case of eBay's ascending auction, where the bidding frequencies spike at the end of sale (see, e.g., Roth and Ockenfels (2002)), we do not observe any such patterns in the arrival rates in the BINBO format we use in the experiment. This is not surprising since strategic waiting generates no payoff in a BINBO sale. 16 The offers range from 1 Euro, the lowest admissible offer on eBay, to amounts exceeding the nominal value of the gift card. Since the latter offers are clearly irrational, we exclude them from the analysis. To make the data comparable across treatments, we normalize the offers by dividing each offer by the nominal value of the gift card. The pooled data display clustering: the relative offers concentrate around 0, 50, 80, and 90 percent of the gift card value (see the figures in the Appendix, A.3). The descriptive statistics, broken down with respect to nominal value treatments, are reported in Table 1 . Overall, the distribution of offers is right-skewed: every second offer exceeds 80 percent of the nominal value. The average offer in our sample ranges from 71 to 77 percent of the nominal value and does not display monotonicity with respect to the gift card's nominal value. The same is true of median values that range from 75 to 82 percent of the nominal value. We use a one-way ANOVA test to verify formally whether the empirical averages vary across the nominal value treatments. We find the null hypothesis of equal means is not rejected, 17 implying the relative offers' invariance in scale. The analysis of pairwise linear and log-linear regressions produces the same result: the nominal value does not have a statistically significant effect on the relative price offers (see Table 4 ). Figure 2 presents the data points and the fitted regression line, where the logarithm of the nominal card value is plotted against the horizontal axis and the relative offer is the dependent variable on the vertical axis. Overall, our analysis indicates that stake size does affect the relative offers in the population of eBay buyers. Similar findings were obtained in the lab settings by Cameron (1999) , Munier and Zaharia (2002) , Hoffman et al. (1996) , Slonim and Roth (1998) . 18
Effects of the Observables
In this section, we report on details of the statistical analysis that we conducted to relate all observable characteristics of the buyers to their offer. By the design of the experiment, we know exactly what information was available to the buyer at the time he made the offer, as well as several characteristics of the buyer himself. The dependent variable in all regressions is the relative offer b i , defined as follows: If V i is the face value op the gift card and B i the price offer then
Competition Marks
We start by looking at the effects of information about the number of competitors for a gift card. In BINBO, buyers observe two signals informative of competition intensity. The first signal is amount of time remaining before the listing expires: the more time is left, the more buyers are expected to arrive by the end of sale, and the higher is the degree of competition. The second signal is the number of offers already outstanding by the time a given buyer makes his offer; naturally this signal conveys the information in a more direct way. Both indicators are displayed next to the BIN price and barely involve any search effort (see the screen-cast URL p. 29). Both indicators should make buyers update upwards their beliefs about the seller's outside option. This, in turn, should have an effect on the buyers' relative offers. However the regression results demonstrate that both signals have insignificant effects on the subjects' relative offers (see Table 4 in the Appendix).
We take a further step to verify whether the simplest binary indicator of competition produces an effect. Specifically, we split the offers in two groups: those arriving first on a listing and those arriving when at least one other has been already made. The respective empirical distributions are presented in Figure 6 in the Appendix. Again, we find no significant difference in both groups' mean offers. 19 Beside the obvious explanation that any updating, however simple, is inhibited by cognitive costs, we offer two alternative reasons why the competition marks fail to produce any significant effects in the experiment. First, the subjects may use a rule of thumb when making offers, drawing on their past experience of gift card sales. Such an approach is aimed at a longerterm market performance and substantiated by a large bulk of psychological literature, e.g., Tversky and Kahneman (1974) , Newell et al. (1972) , Gigerenzer (2007) . Second, the buyers may (rationally) expect that if the gift cards remain unsold by deadline they go on sale again in the future. Therefore, the expected stream of future offers may outweigh any present competition, making the latter effect statistically insignificant.
Subjects' Learning
Next, we test whether the relative offers change over the course of our experiment, which may occur due to subjects learning about the environment. The subjects get information about the seller's response strategy from two sources. First, the history of sales was available through eBay's search engine at the time we conducted the experiment. For all five accounts used in the experiment, browsing the history of the account revealed that a number gift cards were listed exclusively in BINBO format and remained unsold. 20 While this information could have stopped some buyers from making an offer, the regression analysis suggests that the size of relative offers was unaffected by history (see Tables 5, 6 in the Appendix). To proxy the opportunity for learning from history, we use calendar time: subjects participating at the start of the experiment have less evidence on our response behaviour than those arriving toward the end of the experiment. This finding implies that the subjects did not browse sale histories or did not take the information into account.
Second, buyers can learn from their own experiences of making an offer to a particular seller. To study the possible effect, we look at the sub-sample of the recurrent buyers. In total, 56 out of 277 buyers of our entire experiment made offers on multiple listings. We track how those buyers' offers change over time. Specifically, we calculate the increment of each subsequent offer relative to the previous offer that buyer made. This variable captures the subject's learning dynamics due to his or her experience with one of the seller accounts we use. Performing the Student's t-test we find that there is no statistically significant change in offers between two consecutive rounds of a subject's participation. 21
Effects of Experience
Buyers' eBay experience, reflected by their feedback score, 22 has a mild positive effect on relative offer sizes (significance at 10%; see Tables 5, 6 , 7 and 8 in the Appendix). Even if the effect is present, its size is extremely small. For instance, an inexperienced buyer with no feedback offers 1 percentage point less than the average buyer with 450 feedback entries.
A similarly sized effect, also statistically significant, is produced by the increase of the seller's feedback score. However, while the effect of buyer experience is linear, the marginal effect of the seller's experience decreases.
Specifically, the effect on the relative offer of extra feedback that the seller receives decreases drastically after just 12 feedback entries. 23 The effects of buyer and seller experience do not display complementarity, i.e., there is no evidence that more experienced buyers make significantly higher or lower offers to more experienced sellers.
East and West Germany
Using data about buyers' registered ZIP-codes, we identify the impact of each subject's location on the size of the offer. Our sample contains about 15% of offers stemming from the states on the former GDR territory. 24 Our main observation here is that when subjects are grouped by region, there are important differences in the distribution of offers between East and West Germany. In the latter group, we observe a larger number of offers that are close to the competitive prediction -near 95 percent of the gift card value. By contrast, the buyers from East Germany make more offers in a close neighbourhood of 50 percent of the total value. (See Fig. 5 in the Appendix).
Can this variety in offers be attributed to the remaining cultural differences between East and West Germany? From the previous analysis we know that a buyer's experience affects the average size of his offer to the seller: more experienced buyers tend to make slightly higher offers. Since West German buyers in our sample have more experience with eBay, the regional difference we observe may be due to the difference in experience. In order to correct for the possible bias, we extract a sub-sample of buyers from West Germany that has the same the distribution of feedback scores as the East German sample. After the correction, the distributions of relative offers remain virtually unchanged and the same difference patterns emerge. The equal split of the "naive surplus" is a significantly more important focal 23 There is a statistically significant effect of seller experience when we use the feedback score from 5 accounts jointly (P-value is equal to 1.9 × 10 −4 ). Splitting the sample into two groups, for sellers with zero feedback and at least 12 feedback entries results in P-value of 0.79 and 0.68, respectively.
24 ZIP codes are only indicative of current residency, not the subject's origin.
point for East German subjects, while the competitive offers are more common among the West German subjects. In the next section, we also report on the difference between two regions at the level of offered shares of surplus.
For instance, in a large scale empirical study Alesina and Schuendeln (2005) found that East Germans displayed higher preference for equality and redistribution -something that could reinforce the prevalence of equal splits.
In two waves of a public good experiment, Ockenfels and Weimann (1999) and Brosig-Koch et al. (2011) find important differences in East and West German behaviour, which persisted two decades past the reunification. Focusing on children and adolescents aged 10 to 18, John and Thomsen (2013) find more support for other-regarding preferences in East than in West Germany.
Decomposition
General Framework
In this section we study the incentives behind the subjects' offers in the experiment. Figure 3 presents the pooled data from BINBO sales: the relative
are grouped into five-percent bins and plotted along the horizontal axis; each column's height corresponds to the number of offers falling into the bin.
The most striking feature of the experimental data is the vast heterogeneity and the irregular clustering of relative offers, and in particular, the spikes at around 0, 50 and 80-90 percent of the card's value. It is clear that the subjects' behaviour cannot be accounted for by any model with homogeneous beliefs, and in particular an equilibrium model. Consider for instance a standard model where the buyers believed that the environment was competitive on the buyer side and the beliefs were common knowledge. In this setting most offers would be confined to a close neighbourhood of 1 (this theoretical prediction is replicated in lab experiments: see Roth et al. (1991) , Fischbacher et al. (2009)) . Similarly, the model of BINBO as a pure bilat- eral trade situation is hardly consistent with the data. Note that even if a "reasonable" intensity of social preferences is allowed for, the bilateral trade model cannot account for the majority of observations. 25 Overall, the observed pattern of offers demonstrates that there is a stark heterogeneity in subjects perceptions of the game and (or) their intentions when playing it.
Our analysis of the observed offers allows for two major sources of heterogeneity between subjects. First, the subjects may differ in their beliefs about what they are competing against. In particular, each subject's offer has a chance to be accepted only if it is larger than both the potential competitors' highest offer and the value that the seller can extract by using the card himself. 26 We impose no restrictions on the subjects' estimates, except that they are contained in the interval [0, 1]. The estimate, denoted c i , is thus the seller's alternative cost of interacting with buyer i from the point of view of that buyer. It is also the theoretical lower bound on buyer i's offer.
We deliberately remain agnostic as to the way our buyers construct their estimates of c. In particular, we do not require rationality or any knowledge of the distribution functions on the part of our subjects. This is an important feature of our identification strategy that grants full flexibility to our estimates. Our only assumption is that each player's beliefs about c are a degenerate probability distribution function. In the discussion section 5.4, we show that c i can be derived as a payoff-maximizing bid in a standard auction setting; the same value corresponds to the mathematical expectation of the competing offer. , corresponding to the Kalai and Smorodinsky (1975) solution. Thus, an offer can be represented, or decomposed, as follows:
Equation (1) demonstrates that the observed variation in offers has two sources. First, the subjects vary in the relative shares s i they are willing to offer the seller. Second, subjects differ in their estimates c i of the seller's cost c. To understand the prevalence of sharing rules in the data, we have to extract s i and c i from the observed relative offers b i . Clearly c i and s i cannot be identified from a given relative offer b i ,i.e., decomposition at the level of an individual observation is infeasible. However, as we show below, one can decompose the offers on aggregate, by splitting the observed distribution of relative offers into a distribution of shares s i and a distribution of cost estimates c i . We drop the subscript i in what follows.
To define the decomposition problem, we let f (s) and g (c) denote, respectively, the unobserved distributions of the shares s and of the cost estimates c. Let h (b) be the observed distribution of relative offers. Capitals F, G, and H denote the corresponding cumulative distributions. For simplicity we think of all three distributions as having continuous supports. We assume that the support of s is bounded above by 0.5, in line with the standard other-regarding preference theories (see footnote 25). The "selfish" preferences, corresponding to s i = 0 for all i are possible under this specification.
Assuming that sharing rules and cost estimates are independently distributed in the population, the distributions are related by the following:
The cumulative distribution function H on the left-hand side is given by the observations in our experiment. The right-hand side integrates over all c and s that generate an offer less or equal to b, according to (1). Our goal is to find F (s) and g (c) that best fit equation (2) given H(b) given by the experimental data.
Two remarks are in order. First, as both F(.) and g(.) belong to infinitedimensional spaces, problem (2) itself is infinite-dimensional and, therefore, is computationally hard. Hence, to find a solution, we need to reduce the problem's dimensionality to a point where optimization becomes feasible from a computational viewpoint. Second, we know that the solution to (2) exists but may not be unique unless we restrict the space of functions where F(.) and g(.) belong to. 27
27 There always exists a meaningless corner solution, where h ≡ g and f is a Dirac delta 20 Our approach to decomposition addresses both issues. We employ three alternative methods to cross-check the findings, thereby we deal with the uniqueness problem. Two of our methods are parametric; dimensionality reduction is achieved by restricting the solution to belong to a space of parametric functions. In particular, in the first method reported below, we follow the standard approximation theory and look for a solution in the space of polynomials. 28 The second method, reported in the Appendix restricts f and g to the class of beta functions, leaving us with only four parameters to estimate. Finally, in we consider a non-parametric approximation method, where the dimensionality of the problem (2) is reduced by just discretizing the supports of f and g. All three methods yield similar results.
Polynomial Approximation
One of the most obvious ways to achieve dimensionality reduction is to look for a solution within a smaller set of functions and in particular within a space of parametric functions. Following the standard approximation theory, the best parametric class of functions is the space of polynomials. Hence, our approach is to identifyĤ as a polynomial approximation of H. IfF andĝ are polynomials with degrees n F and n g , thenĤ is a polynomial itself and has n F + n g + 2 of parameters to be estimated.
We considerf andĝ to be equal to a linear combination of Chebyshev polynomials:
and function with the entire probability mass concentrated at zero. (The symmetric solution does not exist since the support of f is bounded at 0.5.) Sadovnichy (1986) shows that, for a given kernel function F(b, c), a Volterra integral equation such as (2) is a contraction mapping and hence has a unique solution g * . Note that since both f and g are restricted to the class of probability measures, summing up to 1, Sadovnichy's result does not automatically imply that multiple solutions can be generated by just varying the kernel function. 28 Following the Stone-Weierstrass theorem, the space of polynomials is dense in C[a, b] which means that any continuous function on a bounded interval can be approximated arbitrarily well by a polynomial (of arbitrary large degree).
where T k (x) is a Chebyshev polynomial of the first kind of degree k, γ k and δ k are the weights attached to the corresponding polynomial of degree k.
Fixing the class of functions, our remaining goal is to find the degree of polynomial n g and n F , together with the values of the vector of parameters (γ, δ) that minimizes the Kolmogorov-Smirnov distance betweenĤ and H:
andĤ is given by:
As the very first step of our search procedure, we generate a continuous version of H(.). 29 For this, we derive a non-parametric kernel density function from the data, with the bandwidth 0.015. This bandwidth strikes a balance between the technical requirement of continuous H(.) and the preservation of all information contained in the data.
Once H(.) function is obtained we begin the main part of the search procedure. Namely, starting from the first degree Chebyshev polynomial, we iteratively increase the degrees in F(.) and g(.) and test whether the corresponding functionĤ(.) is statistically indistinguishable from the empirical H(.). In other words, we dismiss a solution if the respective KolmogorovSmirnov distance exceeds the bootstrapped critical value and we proceed to the next step where we add one extra polynomial term. 30 At n F = n g = 4 the hypothesis thatĤ = H is no longer rejected. Following the standard approach to avoid overfitting we terminated the procedure at that point. However, we checked for polynomial degrees beyond 4 and up to 10; this never improved the distance significantly and more importantly, each subsequent solution was qualitatively equivalent to the above solution. Thus within the class of polynomials of up to the 10th degree, the estimated f and g correspond to the statistically optimal solution (which is also unique).
Decomposition Results
The estimated distributions are presented in Table 2 . 31 Our main finding about the distribution of sharing rules f , is that 43-44 % of the subjects offer 40 to 50 % of the trade surplus to the seller. One third of all our subjects make "greedy" offers and propose no more than 10 % of the trade surplus to the seller. The remaining 25-30 % of the subjects make offers between 10 and 40 %. The average offer to the seller amounts to 30 % of the respective trade surplus. 32 Hence, our results are not completely aside from the result in the previous literature, the surplus share offered on eBay.de is within the range of estimates obtained in laboratory ultimatum games, however it yet stays close rather to the lower end of a cross-country distribution of offers (see, e.g., Oosterbeek et al. (2004) The found g(.) function suggest that there are two types of beliefs that prevail in the population of our bidders. There is a minority of subjects, estiing at each search round for 500 iterations. The differential evolution method is known for providing consistently the global solutions. 31 The KS distance is 0.028. The corresponding Chebyshev coefficient estimates are given in Table 10 mated at 11-14%, who act as if they faced no competition from the other buyers; those subjects make their offers under the assumption that the seller's outside option is null. The beliefs of the remaining majority of the subjects, however, are described by a bell curve centered near the empirically observed average offer. This suggests presence of the "wisdom of the crowd" in the eBay market of Amazon gift cards -on average estimates in this group of subjects are correct, even if some noise around that estimate is still present.
Robustness Checks
To verify whether the decomposition we found is robust, we have conducted further decompositions, using two alternative approaches. One approach, reported in Appendix (A.4.1), is to discretize the support of distributions h, f , and g, in order to obtain a finite-dimensional problem. Namely, we partition the support of the three distributions into equal-length bins. Given the upper limit on the support of sharing rules of 50%, by letting the bin width to be equal to 10%, we obtain a substantially simplified problem with just 15 unknown values. We use an iterative numerical optimization to assign probability mass to each of the bins. Both approaches obtain similar distribution functions as the solution.
Our second robustness check, also explained in details in the Appendix A.4.2, employs another parametric procedure that confines both f and g to the class of beta probability distributions and thus reduces the entire problem to only four dimensions (each beta distribution is described by two parameters). While the resulting fit measured by the KS distance is unsatisfactory, the similarity of the beta functions solution to our main result suggests that the findings are robust.
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Discussion
Competition with other sellers
As the sellers of gift cards, we face competition from other sellers present on eBay throughout the entire duration of the listings. However, for our experiment, such competition is hardly relevant, given that a gift card that is bought at a discount gives to an Amazon customer a payoff equivalent amount of cash. As long as the preferences for cash are at least locally insatiable, the demand for transaction is, by and large, independent from the fierceness of competition among the sellers.
First stage of a multi-stage bargaining game
The BINBO trading format allows a buyer and a seller to exchange up to 3 offers in total. 33 We concentrate on the first stage of the (potentially) multistage bargaining situation, namely on the initial offers made by buyers, for two reasons. First, the very first offers are most indicative of the subjects' true sharing intentions, i.e. the minimum of surplus that they would like to give to the seller. Second, our data do not support the hypothesis that subjects intend to play a multi-stage game. If this intention was systematically present, then (i) most offers would arrive on the first day of the listing, and (ii) low offers would be made more frequently than higher offers within the first hours. Figure 1 in Section 2.2 suggests that there is no systematic difference in the timing of arrival across 3 days of listing, therefore (i) does not hold. Table 4 , and more generally the results reported in Section 3.1, imply that (ii) is not true either.
Risk-neutrality assumption
We have assumed risk neutrality of buyers; this is supported by our own data and for the size of stakes that we used, it is confirmed also by the existent literature. In particular, given the empirical evidence for the increased risk aversion at higher monetary stakes (see, e.g., Holt and Laury (2002) and references therein), if buyers were risk-averse we would observe a reduction, on average, in offers for gift cards of high nominal value, e.g. 200 or 500 Euro. 34 The regression results do not support this hypothesis (see Tables 4-9 in Appendix). Similarly, the paper by Fehr-Duda et al. (2010) demonstrates that for amounts similar to our stakes the risk aversion is not identifiable in the data.
Buyer's beliefs about c
We have assumed that the buyers hold degenerate beliefs about the seller's outside option, and we referred to the mass point of buyer i's beliefs as c i . However the assumption that the buyer's beliefs about the seller's cost is degenerate can be dispensed of. Recall that the possible value range for c i is [0, 1] and suppose that the distribution function Φ i (c) =c α i , α i > 0, c ∈ [0, 1], represents buyer i's belief about the seller's random costc. The mathematical expectation of the random variablec is given by´1 0c dΦ i (c) = α i α i +1 . Therefore, if we set c i = α i α i +1 we obtain the first interpretation of c i as buyer i's expectation of the seller's cost. Furthermore, suppose now buyer i is "selfish"; thus, his sharing motive s i is zero in the model. The selfish buyer maximizes his expected payoff (1
Thus, the same c i can be interpreted as either the expected cost and payoff-maximizing bid of a selfish bidder. Since c i is a monotonically increasing in α i , any heterogeneity in the belief parameters α i generates a variety of c i in the model.
Conclusion
Although the importance of the field experiments is often emphasized, 35 an overwhelming majority of experiments on surplus division in a bargaining context are conducted in the lab, following the ultimatum game of Güth et al. (1982) . 36, 37 One possible reason for the relative scarcity of field experiments is the difficulty of finding a setup that would be as simple as the classical ultimatum game. Our experiment proposes one such natural environment. The setup features a non-standard (non-student) subject pool, a field context in the commodity and in the information set that the subjects can use; most importantly, our subjects naturally undertake the task and do not know that they are in an experiment. Also, by contrast to the lab, our subjects (buyers or "proposers") match with the experimenter's agents (sellers or "responders") in a way that we do not control. On the other hand, while uncontrolled elsewhere, our setup features perfect control of the buyers' valuations of gift cards and so we have a reduced number of unobserved characteristics that affect the behaviour of participants.
The main distinction of our setup from a typical lab experiment on the ultimatum game is the uncertainty of the buyer about the overall number of competitors. 38 We consider this feature of our experiment to be rather opportune. Compared to the settings with the commonly observed degree of competition, we do not observe at the buyers' side rallying up of offers. Hence, there is no unravelling of the surplus that is created in a match of a given buyer and the seller (remember that the surplus in our setting is defined relative to the competitor's offer). The presence of a non-trivial surplus to share allows buyers, in turn, to express more saliently their social preferences.
On the other hand, because of uncertainty about the degree of competition, 35 See Levitt and List (2009), List (2011) , and Galizzi and Navarro Martinez (2015) . 36 Overall, laboratory experiments still constitute about three quarters of all experimental literature, see Card et al. (2011) . 37 As discussed in the Introduction, notable exceptions from this literature are Güth et al. (2007) and Bolton and Ockenfels (2014) . 38 In contrast, Roth et al. (1991) , Fischbacher et al. (2009) look at the behaviour within the ultimatum game where the number of competing proposers is commonly known. the beliefs of our subjects are less predictable than in the lab. This brought us to search for a new methodological approach to handle the experimental data and to measure social preferences. As the result, our paper comes up with a new estimation technique that permits us to decompose the observed distribution of offers into the distribution of unobserved beliefs about the seller's opportunity cost and the distribution of unobserved sharing rules as proposed by the buyers.
Our main findings suggest that even at a large one-shot interaction market like eBay participants offer an equal splitting of surplus. In particular, we find that up to 44% of players offer roughly a half of surplus, while selfish players (offering 0-10% of surplus) constitute less than a third of all our subjects. The estimated frequencies of the various shares of surplus offered to the counter-party are consistent with the large body of estimates emerging from the lab studies. This implies, that despite all discrepancies between the lab and the field, lab experiments on surplus division provide a valid insight into the field behaviour, both qualitatively and quantitatively.
We have also collected new and puzzling evidence about the distribution of attention of market participants to the strategically relevant public information. About 55% of buyers, who are given public information that there is a competitor who has made already an offer, still offer an amount well below the theoretical prediction for the ultimatum game with competing proposers. 39 This is also reflected in our findings during the decomposition stage, in the estimated distribution of beliefs. Specifically, we document a significant heterogeneity of subjects' beliefs, with a small but visible cluster at 0-10% of the face value and a large majority scattered around the average relative offer observed in our data.
All in all, we believe our study sheds some first light on the scope of surplus sharing among actual participants of large and competitive markets. The eBay platform, featuring sequential arrival of buyers, is a fair representation of a generic market place found all over the world and across time.
Most of those markets are dynamic and impregnated with uncertainty -the population of traders evolves over time, some participants quit the market, while new participants enter at random. Traders do not possess perfect and common information, instead they learn about going prices and the fierceness of competition via their own private experiences of bargaining with different sellers or through observations of how markets clear; all in the same way as it happens on eBay. Our analysis suggests that because of such uncertain and evolving degree of competition, even a large market offers a scope to share the surplus non-trivially. Of course, more research is needed to in order to understand how exactly competition and strategic uncertainty interact with individual preferences for pro-social behaviour. However, we believe that our paper offers a first and important step in this direction.
A Appendix
A.1 Experiment
An example text used in the description box of a listing (German) As an alternative way to solve for f and g, we discretize the support of distributions in (2) and we search for finite solution approximations using a non-parametric approach. In an iterative procedure with the initial state where both f and g are uniform, we gradually increase precision until the solution cannot be improved. The estimates of f and g are chosen to minimize the KS distance as a goodness-of-fit criterion, adapted to the discrete case:
where bothĤ and H are defined on a set of bins (b 1 , b 2 , .., b 10 ) = (0.1, 0.2, .., 1).
In the discrete problem, we look forf andĝ that minimize (5), subject tô f (b k ) = 0 for k = 6, 7, .., 10, and ∑ kf (b k ) = ∑ kĝ (b k ) = 1. (Recall thatf andĝ defineĤ according to (4)).
We estimate discretized versions of f and g simultaneously at each iteration. As a starting point of recurrence, we consider uniform f and g that correspond to the maximal entropy in both c and s (See Table 13 in the Appendix). That is, we assign equal mass to each of the 5 bins of f and 10 bins of g at the first iteration. The candidate solution can be represented as a vector of ones: v 1 = (1, 1, .., 1); it corresponds to the distribution of probability mass across bins before normalization. v 1 is the unique candidate solution at the first iteration, thus we set v * 1 = v 1 At the second iteration, we consider all elements e 2,k of the set {0, 1} 15 and the respective v 2,k = v 1 + e 2,k . This gives 2 15 = 32768 candidate solutions ( f , g) and we choose the one that minimizes the KS distance (after the appropriate normalization) -v * 2 . Generally, in iteration t, we go through all possible constellations of adding one unit or not changing the mass in the bins of distributions defined by v * t−1 selected at iteration t − 1. Among the pairs of f and gn we select the one that minimizes the KS distance and take it to iteration t + 1. The process is repeated until the result at a subsequent iteration stays unchanged. Note that as the depth of the binary search tree increases, the estimates become increasingly precise. The results of the non-parametric approach are presented in Table  11 . DefineĤ * as in (4) by plugging inf =f * andĝ =ĝ * (Table 11) .Ĥ * is an extremely good fit for H: the Kolmogorov-Smirnov distance is 7.7 × 10 −3 , meaning that the maximal divergence betweenĤ * and H across bins is less than 1 percentage point. The corresponding bootstrap test does not distinguish between H andĤ * at the conventional significance levels, 41 implying that H andĤ * can be regarded as equivalent.
As a further robustness check, we relax the restriction on the support of f allowing six bins; similar results are obtained (see Table 14 ).
A.4.2 Note: Parametric Decomposition with Beta Distributions.
As a further robustness check, we look for estimatesf β andĝ β within the class of the beta distributions. The beta class is chosen due to its support on [0, 1], small number of parameters and flexibility, as Beta distributions can have one or two modes. 42 Since each of the distributions f and g is pinned down by two parameters, the problem to find the suitableĤ(.) in (3) is now (only) four-dimensional. We estimate the parameters by random grid search. More precisely, we fix a grid size for each of four parameters and randomly choose the grid position. For every intersection of the grid (a combination of four parameter values), we compute the discretized versions of f and g, estimate the integral (4), then we calculate the KS distance and reiterate to find the best-performing combination of parameters. By performing the procedure multiple times, we refine the search and narrow down the parameters ranges. A random grid search permits us to trace out local minima and find the global solution. We report the parametric estimates of distributionsf β andĝ β Table 12 . The parametric Beta estimatesf β 41 Bootstrap critical values corresponding to 358 observations are 0.049 for significance at 10%, 0.057 for significance at 5%, and 0.071 for significance at 1%. 42 Excluding the uniform distribution.
andĝ β are dominated by both the parametric and the non-parametric solutions reported in the main text of the paper (Kolmogorov-Smirnov distance = 0.066). The distributions have a shape similar to the non-parametric estimatesf * andĝ * , with the exception of the lowest bin in the distribution of cost estimatesĝ.
